In the transition to a renewable energy system, the occurrence of low-windpower events receives increasing attention. We analyze the frequency and persistence of such events for onshore wind power in Germany, based on 40 years of reanalysis data and open software. We find that low-wind-power events are less frequent in winter than in summer, but the maximum persistence is distributed more evenly between months. While short events are frequent, very long events are much rarer: every year, a period of around five consecutive days with an average wind capacity factor below 10% occurs, and every ten years a respective period of nearly eight days. These durations decrease if only winter months are considered. The most persistent event in the data lasts nearly ten days.
Introduction
The Paris Agreement calls for an extensive decarbonization of the global economy. A major strategy for achieving this goal is a massive expansion of variable renewable energy sources, in particular solar photovoltaics (PV) and wind power (de Coninck et al., 2018) . While power generation from solar PV largely follows diurnal and seasonal cycles with annually repeating patterns, wind power is subject to more irregular inter-annual as well as intra-annual variations which are relevant from a security of supply perspective. In countries with growing shares of wind power, the occurrence of low-wind-power (LWP) events thus receives increasing attention of researchers and policy makers alike. This is particularly true in Germany. In the context of its energy transition, Germany is one of the global front-runners in wind power deployment. In 2018, a total capacity of 52.5 GW of onshore wind power was installed in Germany, generating 90.5 TWh of electricity. This corresponds to 15% of German gross electricity consumption (BMWi, 2019) . Given the governments targets to expand the share of renewables in electricity consumption to 65% by 2030 and at least 80% by 2050 (Bundesregierung, 2019) , the dependence of the German energy system on wind power is set to increase strongly in the future.
Dedicated research on LWP events is sparse so far. In this paper, we contribute to filling this gap, focusing on onshore wind power in Germany. We provide an in-depth analysis of the frequency, persistence, and magnitude of LWP events, making use of reanalysis data for 40 full years (1980 to 2019) and power curves of recently installed wind turbines. In doing so, we propose two definitions of LWP events and investigate three different thresholds of capacity factors (2%, 5% and 10%). We also compare the spatial distribution the most persistent LWP event and mean electricity generation. Parts of our analysis explicitly focus on winter months: these are particularly relevant, as power generation from solar PV is relatively low during this season, while the German load peak also occurs in winter. In order to allow for the highest degree of transparency and reproducibility, we provide the source code of our analysis 2 under a permissive open-source license (Ohlendorf, 2020) .
Until now, there are only few dedicated low-wind analyses. These differ from our work, amongst other factors, with respect to geographical and temporal coverage, data sources used, and methodologies applied. In particular, previous low-wind analyses mostly draw on local measurement data and either evaluate wind speeds (Leahy and McKeogh, 2013; Patlakas et al., 2017) or wind power (Handschy et al., 2017; Kruyt et al., 2017) . Leahy and McKeogh (2013) and Patlakas et al. (2017) investigate low-wind events for Ireland and the North Sea area, respectively. Both studies firstly evaluate low-wind events that are constantly below a given wind speed threshold, and secondly determine annual minimum moving average wind speeds for given durations, using extreme value distributions. Kruyt et al. (2017) and Handschy et al. (2017) go one step further and calculate respective power generation from wind speeds for Switzerland and the United States, using a power curve. While the findings of these studies are necessarily idiosyncratic to the specific geographical applications, some common findings emerge. First, low-wind events are less frequent and less persistent if more, and spatially more dispersed, measurement stations are used. Second, there are generally less events in winter than in summer.
The measurement-based analyses face challenges related to their data sources.
In general, studies that draw on measured wind speeds are spatially biased, have low measurement densities, and extrapolation from measurement height to hub height is challenging because of distorting effects of terrain, elevations or buildings (Sharp et al., 2015) . Measurement data may further be subject to inconsistencies caused by changing equipment and measurement errors. Extreme event analyses further require consistent measurements over large time periods to sufficiently capture climatic variations.
These issues can be addressed by using long-term meteorological reanalysis data. Such data is increasingly applied for onshore wind energy modelling.
Several studies focus on data accuracy and on validating models of wind power generation (Decker et al., 2012; Sharp et al., 2015; Olauson and Bergkvist, 2015; Rose and Apt, 2015; Staffell and Pfenninger, 2016; González-Aparicio et al., 3 2017; Germer and Kleidon, 2019) . Other analyses deal with variability aspects of wind power, but do not focus on extreme low-wind events. For example, Grams et al. (2017) For the contingent U.S. states, Shaner et al. (2018) investigate the reliability of future power systems dominated by wind and/or solar PV, and Kumler et al.
(2019) explore inter-annual renewable variability for Texas. Yet none of these studies explicitly focuses on the frequency and persistence of extreme low-windpower events.
A notable reanalysis study that does focus on extreme wind events is conducted by Cannon et al. (2015) for Great Britain. Using 33 years of MERRA as well as ERA-Interim data, the authors conclude that the frequency and persistence of low-wind-power events can be approximated by a Poisson-like process.
In an analysis also based on ERA-Interim reanalysis data and other sources, Raynaud et al. (2018) define and investigate the occurrence of renewable "energy droughts", which are measured relative to average daily generation. They find that wind power droughts are both relatively frequent and relatively short in most European countries, compared to hydro power droughts.
We contribute to this emerging literature with a dedicated open-source, reanalysis-based study that investigates LWP events in Germany in detail. To the best of our knowledge, we are the first to use MERRA-2 data in this context, i.e., spatially and temporally consistent reanalysis data covering 40 years on 50 meters above surface. Compared to Cannon et al. (2015) , we also make use of not only one, but three recent power curves to represent different types of wind turbines that are characteristic for different locations defined by mean wind speeds. Complementary to Raynaud et al. (2018) , we further present an alternative approach to defining and evaluating LWPs by looking either at hours that are constantly below a threshold, or at hours with a mean below a 4 threshold.
The remainder is structured as following. In Section 2, we explain the methodology, including wind speed calculation from the MERRA-2 reanalysis dataset and the derivation of aggregated hourly capacity factors of wind turbines, and propose two definitions of LWP events. Section 3 includes results on the seasonal distribution, frequency and magnitude of LWP events in Germany, as well as spatial aspects of the most extreme events. In Section 4, we briefly discuss model limitations, their qualitative effects on results, and avenues for further research. Section 5 concludes.
Methods and data

General approach
Based on wind speeds and power curves, we derive an hourly aggregated time series of capacity factors for wind power in Germany. First, we take wind speeds on 50 meters above surface from the MERRA-2 reanalysis dataset, which covers 40 years from 1980 to 2019, and extrapolate to hub heights. Second, capacity factors of each MERRA-2 polygon are calculated based on power curves of recently installed wind turbines. Third, we spatially aggregate these capacity factors using a weighting scheme that considers the current spatial distribution of onshore wind power capacity in Germany. Finally, we investigate the resulting time series of hourly aggregated capacity factors by applying a narrower and a wider definition of LWP events.
Wind speeds derived from reanalysis data
Reanalysis data is increasingly used for energy modelling as it provides consistent global time series of long-term atmosphere data such as wind speed, temperature and air pressure in regular spatial and temporal resolutions. The underlying global circulation models extrapolate measurement station data on wind speeds, temperature, moisture and surface pressure as well as data from satellites and precipitation measurements (Decker et al., 2012) . Several publicly available second-generation global reanalysis datasets have been released since the early 2000s.
We use the MERRA-2 dataset provided by NASA (Gelaro et al., 2017) .
Data is available starting from the year 1980. In contrast to several other global reanalysis datasets which have time resolutions of 3 to 6 hours and provide wind speeds at 10 meters above surface, MERRA-2 includes hourly wind speed data on 50 meters, which allows better modelling of wind power generation. MERRA-2 builds on and improves the previous MERRA dataset, using advanced models and data sources (Molod et al., 2015) . Decker et al. (2012) evaluate the accuracy of several reanalysis datasets (MERRA, NCEP, ERA-40, ERA-Interim, CFSR and GLDAS) using flux tower measurements in the Northern Hemisphere. Almost all products overestimate the monthly and 6-hourly wind speeds and their variability. MERRA and ERA-Interim show the lowest values root-mean-square error and bias for diurnal cycles. Sharp et al. (2015) review other data validation studies of different reanalysis datasets. Three studies derive Pearsons correlation coefficients for MERRA between 0.75 and 0.89 based on measurement stations in Sweden, Portugal, Norway and Denmark (Liléo and Petrik, 2011; Liléo et al., 2013; Carvalho et al., 2014) . Staffell and Pfenninger (2016) propose country-specific wind speed bias correction factors for MERRA and MERRA-2 to increase the correlation with national capacity factors. Without such correction, average capacity factors for Germany based on raw MERRA or MERRA-2 wind speeds would be overestimated. Staffell and Green (2014) make a similar point for the UK. In contrast, Cannon et al. (2015) do not use correction factors in a UK application. Even if MERRA wind speeds turn out to be not particularly valid for single measurement points, spatial aggregation of mean wind speed over all stations results in a correlation coefficient of 0.94. This indicates a high validity of MERRA data for large-scale wind patterns. Following Cannon et al. (2015) , we also refrain from introducing correction factors and instead make use of the error-smoothing effect of spatial aggregation. In doing so, we also avoid model artefacts, particularly as the usefulness of correction factors has only been demonstrated for 6 Figure 1: MERRA-2 grid points (blue) and polygons that intersect with Germany.
average wind speeds, but not for extreme values.
The MERRA-2 grid consists of 576 longitudinal and 361 latitudinal horizontal grid points, i.e., a resolution of 0.625 • x 0.5 • which for Germany roughly corresponds to 50 x 50 km (Bosilovich et al., 2016) . Figure 1 shows the grid points in blue and all polygons extrapolated from these points that intersect with Germany. For each polygon, MERRA-2 provides hourly northward and eastward wind speed data on 50 meters above surface. Our dataset further includes surface roughness data for the year 2019.
Aggregated wind power derived from wind speeds using power curves
We calculate resultant wind speed (w) for each MERRA-2 grid point based on northward (u) and eastward components (v) on a height of 50 meters (Equation 1).
(1) (2)
Next, we define three types of wind zones, based on the mean local wind speeds over 40 years for each MERRA-2 polygon ( Figure 2 ). These zones are used to assign typical hub heights for wind turbines. For high wind speed sites, we assign the hub height 100m, for medium-wind speed sites 125m, and for low-wind-speed sites 139m (Wallasch et al., 2015) . These hub heights reflect recently installed wind power plants in respective German wind speeds zones.
We calculate hourly capacity factors for each polygon by applying power curves characteristic to the three wind zones. The power curves are based on manufacturer data of currently available wind turbines for low-, medium-and Together these cover the five largest manufacturers with a joint share of 74% of installed capacity in Germany 2015 (Lüers, 2016) .
Manufacturers generally provide discrete capacity factors (c w ) for wind speed intervals of 1 m/s. For both the low-and high-wind curves, we first calculate mean capacity factors for each wind speed and then fit these means to a generalized logistic function (Equation 3).
Here, c p is the continuous capacity factor and A, 
Definition of low-wind-power events
We propose two different measures of low-wind-power periods, a narrower and a wider one ( Figure 5 ). We further consider three alternative capacity factor thresholds of 2%, 5%, and 10%.
As for the narrower definition, we consider LWP events to be consecutive hours in which the aggregated capacity factors are Constantly Below the Threshold (CBT). This concept bears some resemblance to the "runs analysis" by Leahy and McKeogh (2013) or the "duration given intensity" method by Patlakas et al. (2017) . Starting in the first hour, we list annual LWP events for durations starting from five consecutive hours and report the number of hours constantly below the given capacity factor threshold. We then increase the duration in hourly steps and repeat until there are no further events listed.
To provide a wider definition, we consider LWP events to consist of consecutive hours in which the moving average of capacity factors is under the same threshold, i.e., Mean Below the Threshold (MBT). Again, we list all LWP periods until we reach the threshold value, ensuring that LWP periods do not overlap. By definition, the MBT method results in more low-wind-power events for a given duration and also results in most persistent events for each threshold, compared to CBT.
The average annual amount of LWP events per duration over all 40 years equals the expected value of events per year. Further, the reciprocal value of the annual average provides the return period, that is the expected temporal distance between two similar reoccurring events. Periods overlapping annually or monthly are assigned to the year or month in which more than 50% of the hours are located 2 .
Results
We first analyze the seasonal distribution and frequency of LWP events in Germany, followed by an examination of the magnitude and spatial distribution of the most extreme low-wind-power events. In doing so, we partly focus on winter events. To provide a complementary perspective, we calculate return times (Table   3 .1). For a return time of ten years, we find a minimum persistence of 17 hours (2% capacity factor threshold), 41 hours (5%) and 77 hours (10%) under the narrower CBT definition, and a minimum persistence of 34 hours (2%), 79 hours (5%) and 188 hours (10%) under the wider MBT concept. In other words, every ten years the German energy system has to deal with a period of nearly eight days of average wind power generation (MBT) below 10% of the installed capacity.
Seasonal distribution and frequency of low-wind-power events
To better interpret these return times, we provide an example for the German onshore wind power capacity of 52.5 GW installed in 2018. For this wind turbine fleet, average power generation is expected to not exceed around five GW during a period of around five consecutive days every year, a period of nearly eight days every ten years, and period of more than nine full days every twenty years.
Looking only at LWP events in winter, these durations decrease to less than three days every winter, less than five days every tenth winter, and around five and a half days every twentieth winter. The remaining load has to be covered by other generators, energy storage or demand-side measures. However, wind power still contributes some generation capacity above the 10% threshold during some of these hours, as indicated by much lower CBT return times.
Magnitude of the most extreme low-wind-power events
The most extreme LWP events over the entire 40 years analyzed can be interpreted as worst cases from an energy system planning perspective. In an annual perspective, the most extreme events occurred in 1985 for all capacity factor thresholds (Figure 7) . Under the narrower CBT definition, there are nearly four consecutive days with wind power generation constantly below 10% in 1985, and still around two consecutive days with generation constantly below 5%. Under the wider MBT definition, the duration of this most extreme event increases to nearly ten days (10%) or around four days (5%). determine large inter-annual variations of average renewable availability.
We next look at the most extreme LWP event in a monthly perspective, irrespective of the year in which these occur (Figure 8) . The most extreme events for the 10% threshold occur in March for both definitions. This is the 1985 event discussed above, with durations of nearly four (CBT) or nearly ten consecutive days (MBT).
Considering all thresholds and both LWP definitions, there is no clear monthly trend. That is, substantial extreme events may occur throughout the year, and also in winter months. This contrasts the previous finding that the frequency of LWP events is generally much higher in summer than in winter, as shown in Section 3.1. Under CBT, the most extreme events in each of the winter months are even longer than those in summer months for the 10% capacity threshold.
This finding is, however, not confirmed under the MBT definition.
Spatial distribution of wind power during most extreme LWP event
To also explore the spatial dimension of LWP events, we compare the distribution of capacity factors during the most extreme LWP of 1985 to the distribution of annual mean capacity factors in the same year (Figure 9 ). Accordingly, the spatial distribution of capacity factors during extreme LWP events does not necessarily correspond to the annual mean pattern. This indicates that low-wind events can be very pronounced even in regions with very good average wind resources.
Discussion of limitations
We briefly discuss some limitations of our analysis and how these may qualitatively impact results.
First, there are general limitations of using reanalysis data which have been discussed in the literature, for example spatial biases or issues with upscaling to hub heights (Sharp et al., 2015; Olauson and Bergkvist, 2015; Rose and Apt, 2015; Staffell and Pfenninger, 2016) . It is, however, not clear if there are specific distortions with respect to extreme low-wind events derived from reanalysis data. A limitation specific to the MERRA-2 dataset is the relatively coarse 50x50 km polygon size, which insufficiently represent local impacts on wind speeds. Regional reanalysis data with more refined geographical resolutions may resolve this issue, e.g. COSMO-REA2 with 2x2 km, or COSMO-REA6 with 6x6 km (Hans Ertel Zentrum, 2019 ), yet these are only available for shorter Second, we use power curves of currently available wind turbines and assume hub-heights of recently constructed plants. We may thus overestimate wind power generation compared to the currently existing fleet of wind turbines in Germany, which includes many older and smaller turbines, and in turn underestimate the magnitude of current LWP events. Conversely, we may underestimate power generation of future turbines, and accordingly overestimate the magnitude of future low-wind-power events, assuming that turbine efficiency and hub height increases further, with corresponding upward shifts in the power curves.
Once LWP events become more relevant for the overall energy system, this may also trigger specific technology improvements toward lower cut-in speeds and a steeper slope of the power curve on the very left-hand side. Quantifying the potentially mitigating effects of such developments on LWP periods is left for future research.
Third, we use the current spatial capacity distribution of German wind power plants for deriving an aggregated capacity factor time series. We implicitly assume that this distribution also persists in the future. In reality, a relative increase of wind power deployment at sites with lower wind resources may occur, for example in southern Germany. From the results presented in Section 3.1, we infer that a more even spatial dispersion of wind turbines could slightly mitigate LWP events.
Next, climate change has an impact on wind speeds. Future time series of wind power capacity factors will thus differ from the historic ones investigated here. Tobin et al. (2016) find that wind power variability in Europe may generally increase, but Schlott et al. (2018) conclude that this has no substantial effect on optimal deployment of onshore wind power in highly renewable future scenarios. Moemken et al. (2018) find that climate change will increase the occurrence of low wind speeds.
Finally, the focus of this analysis is a detailed but selective investigation of onshore LWP events in Germany. This geographic focus helps to keep the analysis tractable and avoids making implicit assumptions on continental electricity transmission infrastructure. It is also relevant from an energy policy perspective, which often includes national energy security considerations. Yet expanding the geographic scope of the analysis would allow raising complementary insights on larger-scale spatial patterns of extreme LWP events. Focusing on onshore wind power, and not including other renewable energy sources such as offshore wind power and solar PV, allows for parsimonious model assumptions, and findings remain valid for any level of installed capacity. Analyses that would combine periods of low production from various renewable energy sources, and also explore their correlation with electric load, appear to be a promising field for future research. The work of Raynaud et al. (2018) , albeit with lower temporal and spatial detail compared to our analysis, can be considered as a first step in this direction.
Conclusion
We analyze the seasonal distribution, frequency and magnitude of onshore low-wind-power events in Germany, as well as spatial aspects of the most extreme events, based on MERRA-2 reanalysis data and open software. We propose and evaluate two definitions of low-wind-power events for three capacity factor thresholds.
We synthesize three key results from the analysis. First, LWP events are generally most frequent in summer and least frequent in winter. Nonetheless, substantial events occur in all months of the year, and also in winter. The most persistent LWP event in the dataset occurred in March.
Second, while short events with a persistence of up to around half a day are relatively frequent, very long events are much rarer. Every year, the German energy system has to deal with a period of around five consecutive days during which average wind power generation is below 10% of the installed capacity.
Every ten years, a respective period of nearly eight days is to be expected.
Looking only at winter months, the durations of these expected events decrease to less than three days every winter and less than five days every tenth winter.
The most persistent low-wind event in the entire dataset has a duration of nearly ten consecutive days of average wind power generation below a 10% capacity factor.
Third, the spatial pattern of LWP events may be very different from the one of average wind power resources. During the most persistent LWP event, we find average generation to be particularly low in several regions which have some of the best wind resources.
We conclude that energy modeling studies that only consider one historic weather year are likely to substantially underestimate the occurrence of lowwind-power events and related system implications. In particular, analyses with
an energy system planning perspective should take less frequent LWP events 20 into account, e.g. the discussed events with a return time of ten years, or even the most extreme event identified here. This is particularly important when the complementary role of other variable and dispatchable generators, energy storage, or demand-side measures in highly-renewable energy systems is to be explored. 3
Further, analyses dealing with the pros and cons of either more decentralized or more centralized renewable energy systems should consider the spatial dimension of LWP events. Although not in the focus of our analysis, our results indicate that LWP events are more pronounced for smaller geographic areas.
From an energy policy perspective, our findings on LWP events occurring in winter may be most relevant. As in many other countries, solar availability is relatively low and electric load is relatively high during winter. This gave rise to concerns about persistent periods with missing wind power in the winter season (cp. Wetzel, 2017 Wetzel, , 2019 . Our analysis indicates that such concerns appear to be overrated, considering that the most persistent event with an average capacity factor below 10% and a ten-year return time in winter has a duration of less than five days.
While our analysis deliberately focuses on LWP events of onshore wind power in Germany, we see an avenue for future research that would ideally combine the analysis of low production periods of onshore and offshore wind power as well as solar PV with time series of load, while expanding the geographic focus 
